This study uses data on brothers and neighboring boys in the Panel Study of Income Dynamics to estimate brother and neighbor correlations in later earnings as adults.
Introduction
Numerous researchers have used sibling correlations in various socioeconomic outcomes as omnibus measures of the extent to which inequality in those outcomes is attributable to family and community origins. 1 In the words of Griliches ' (1979) classic survey article (p. S38),
Brothers are likely to be more alike than a randomly selected pair of individuals on a variety of socioeconomic measurements. This correlation arises from many sources: common heredity, both physical and cultural; similar access to financial resources; exposure to similar influences of friends, neighbors, schools, and other aspects of their particular community; the likelihood, even in adulthood, of closer location in space and hence exposure to similar regional price differentials and common business-cycle effects; and more. Some of these effects are measurable, but many are not, or only imperfectly so.
Because of this imperfection in our ability to identify and measure exactly what matters about the background that siblings share, it has been common for researchers to find that sibling correlations far exceed the variation that can be explained by regressions of the outcome variables on particular measured family and neighborhood background characteristics. 2 What underlies the substantial sibling correlations, therefore, has remained an important, unresolved puzzle.
1 See Section 3 of Solon (forthcoming) for a recent survey of this literature.
2 To our knowledge, Corcoran, Jencks, and Olneck (1976) were the first to emphasize this point.
One aspect of this puzzle is the role of "exposure to similar influences of friends, neighbors, schools, and other aspects of their particular community." This question has become increasingly salient with the recent upsurge of interest in neighborhood effects.
Initially, this interest stemmed largely from a concern about the role of "underclass" neighborhoods in perpetuating poverty and welfare dependency. 3 Many subsequent analyses, however, have proceeded to broader consideration of neighborhood influences on inequality, intergenerational mobility, and economic growth.
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In Solon, Page, and Duncan (1999) , we proposed using correlations between neighboring children in their later socioeconomic status to bound the proportion of inequality in socioeconomic outcomes that can be attributed to disparities in neighborhood background. As discussed in detail in our earlier paper, this approach can identify only an upper bound on the explanatory power of neighborhood origins because neighbor correlations reflect the influence of similar family backgrounds as well as the influence of shared community background. When we used years of schooling as the outcome variable, we found that, although the sibling correlation is above 0.5, the neighbor correlation is less than 0.2. Furthermore, once we accounted for the effects of a few readily observed family background characteristics, the upper bound on the proportion of schooling variation attributable to neighborhood background was tightened further to about 0.1. This proportion is substantial, but it remains inflated by neighbors' similarity in unmeasured aspects of family background. We concluded that the sibling resemblance in 3 See, for example, Murray (1984) and Wilson (1987) .
educational attainment arises much more from growing up in the same family than from growing up in the same neighborhood.
In the present paper, we extend our analysis to earnings. Many previous studies have measured sibling correlations in earnings, but, to the best of our knowledge, we are the first to obtain parallel correlations for unrelated individuals that grew up in the same neighborhood. Our analysis pays particular attention to Griliches' prescient point about "the likelihood, even in adulthood, of closer location in space and hence exposure to similar regional price differentials and common business-cycle effects." We find that much of the earnings correlation between brothers and most of the correlation between neighbors are explicable by what we call "the importance of being urban." Like Glaeser and Mare (1994), we find that workers in large cities earn much more than workers in small cities, who in turn earn much more than workers who are not located in cities at all.
We also find that the urbanicity of where a worker grew up is an extremely strong predictor of the urbanicity of his adult residence. In combination, these facts account for most of the correlation between neighboring boys in their adult earnings. This finding is open to a variety of interpretations, but all of them differ considerably from the usual view of neighborhood effects.
The next section of the paper describes our data on brothers and neighboring boys.
Section 3 explains our methods for analyzing the data. Section 4 presents the results, and
Section 5 summarizes and discusses the main findings.
Data
Our data on brothers and neighboring boys come from the Panel Study of Income Dynamics (PSID), a longitudinal survey conducted by the University of Michigan's Institute for Social Research. The PSID began by interviewing a national probability sample of families in 1968 and has reinterviewed the members of those families every year since. Like virtually every national household survey, the original PSID economized on interviewing costs by selecting a "cluster sample"; that is, several households were selected in the same vicinity, usually within a block or two of each other. In the past, when social researchers have even been aware of the cluster design of household surveys, they have viewed it as a nuisance because the resulting nonindependence of household observations complicates the proper estimation of standard errors. But, for our purposes, the cluster design is an extraordinary blessing. Thanks to its cluster design, the 1968 PSID sample contains not only multiple siblings from the same families, but also children from neighboring families. Furthermore, because the survey has followed those children as they have grown into adulthood and formed their own households, we can use the PSID data to examine the resemblance between both siblings and neighboring children in their later earnings.
To give a better sense of how "neighborly" the families in a PSID cluster were, we will briefly summarize the design of the Survey Research Center component of the PSID sample. 5 The sample selection began with choosing 74 "primary sampling units" (PSU's), 5 See Kish and Hess (1965) for a detailed description of the sample design. As explained below, other. In urban areas, the chunk they shared may have been a city block or even just part of a block. In rural areas, the families were spread further apart, but still were among each other's closest neighbors. Thus, although the neighbor correlations we estimate will not capture every sort of environmental influence, they will be pertinent for assessing the effects of growing up in a particular residential location.
Unfortunately, although the PSID cluster identifiers were recorded on pages inserted in the 1968 questionnaire booklets, the identifiers were not computerized at the outset of the survey because no one foresaw that the cluster information ever would have analytic value. Many years later, emerging interest in neighborhood effects inspired an effort by the Institute for Social Research to assign "geocodes" (usually census tract 6 The 12 largest SMSA's were selected with certainty. The other areas of the country were partitioned into 62 strata formed on the basis of region, SMSA classification, size of largest city, rate of population growth, major industry, and racial composition. Then one PSU was probabilistically selected to represent each of those 62 strata.
7 Survey documentation often refers to these selections as "segments," but we think the term "cluster" is more descriptive. Most of the clusters in our analysis subsample contain fewer than four families because not all of the surveyed families satisfy our additional sample restrictions described below. Solon, Page, and Duncan (1999) , the resulting errors-in-variables problem probably is not severe because, even when families move, the neighborhoods they move to usually are similar to the ones they move from. Our earlier paper summarizes a set of analyses by James Kunz of Columbia University, which show strikingly high autocorrelations over the 1970-1980 period in measured characteristics of the geocodes inhabited by the PSID children. For example, the sample autocorrelation between the average of log mean income over the eight geocodes available during the [1970] [1971] [1972] [1973] [1974] [1975] [1976] [1977] [1978] [1979] [1980] period and each single year value is at least 0.90 for every year and averages 0.94.
One reason that our earlier study used educational attainment as the outcome variable was that the distribution of educational attainment is similar between women and men, and we could, therefore, boost our sample size by pooling the genders in our analysis. This argument clearly does not hold for earnings, and our analysis here focuses only on men. To reduce the impact of transitory earnings fluctuations and random measurement error, we measure earnings with the five-year average of the natural logarithm of total labor income over the 1987-1991 period (as reported in the 1988-1992 interviews). We exclude men whose earnings were imputed by "major assignments," and we remove outliers by restricting our sample to men whose earnings in each of the five years were at least $1,000 in 1991 dollars (as measured by the CPI-U). earnings, we will adjust our earnings variable with a preliminary regression on a quadratic in age.
To explore the effects of region and urbanicity, we need to use information on both adult and childhood location. For each of the 1987-1991 interviews, we know if the individual resided in the Northeast, North Central, South, or West. We measure 9 The influence of outliers on estimated sibling correlations is discussed at length in Solon, Corcoran, Gordon, and Laren (1991) . Excluding outliers clearly produces a more homogeneous sample, but it is not clear in which direction this pushes estimates of sibling and neighbor correlations. The variance in the denominator of each correlation is depressed by the exclusion of outliers, but so is the covariance in the numerator.
childhood region with the same classification from the 1968 interview. For each year 1987-1991, we also classify adult residence in one of three urbanicity categories: large city (metropolitan areas with population of at least a million), small city (metropolitan areas with population less than a million), or non-city. For urbanicity of childhood location, we use a similar, but slightly different categorization from the 1968 interview: large city (the 12 largest SMSA's selected with certainty into the PSID sample), small city (other SMSA's), or non-city.
Our analysis sample excludes anyone missing any of the above information. It also excludes the Survey of Economic Opportunity component of the PSID sample, commonly known as the "poverty sample." This component is worthless for our purposes because two neighboring families could enter that component of the PSID only if they both had sufficiently low income. Consequently, the within-neighborhood variation in outcomes in the Survey of Economic Opportunity sample cannot be informative about the typical variation among all families within a neighborhood. Finally, because we are primarily interested in correlations across neighboring families, we restrict our sample to clusters containing sample members from at least two different families.
The resulting sample contains 443 men from 287 families in 120 clusters. Table 1 displays the sample means of relevant variables. With ages ranging from a low of 25 in 1987 to a high of 39 in 1991, the sample mean age as of 1989 is a little above 32. The sample mean of 10.2 for the five-year average of log earnings (in 1991 dollars) implies a geometric mean of about $27,000. A comparison of the regional distributions for 1968
and 1987-1991 reveals some tendency toward migration to the South and West. The low 0.045 value for proportion black arises from the combination of our earnings restrictions and the well-documented tendency for higher sample attrition among the lower-income members of the PSID sample. 10 As already discussed above in footnote 9, the resulting homogenization of the sample has an ambiguous effect on the estimation of sibling and neighbor correlations because it depresses both the variance in the denominator of each correlation and the covariance in the numerator. A related question is how our results might be affected by a greater propensity for attrition among movers than stayers. If the children who tend to disappear from the sample because they move furthest from their families and neighborhoods of origin also deviate the furthest in their socioeconomic attainment, the remaining sample tends to overstate the resemblance among both siblings and neighboring children.
Estimation Strategy

A. Estimating Earnings Correlations
Our initial measure of adult earnings is the five-year average of log labor income over the 1987-1991 period. The age of our sample members ranges from a low of 25 in 1987 to a high of 39 in 1991, and this age range is a stage of particularly rapid earnings growth. We therefore adjust our initial earnings measure for stage of life cycle by applying least squares to the regression of the five-year average of log earnings on age as of 1989 and its square. In the remainder of our analysis, we use the residual from this regression as our measure of earnings status.
Let y cfi denote our "residualized" earnings measure for individual i from family f in geographic cluster c . If y cfi is measured in deviation-from-mean form, the variance 10 See Solon (1992) and Fitzgerald, Gottschalk, and Moffitt (1998 is the sample mean square of y cfi : is the total number of individuals in the sample. If we were working with "balanced" data -for example, if every cluster contained two families and every family contained two brothers that met our selection criteria -our formulas for estimating the brother and neighbor covariances would be equally straightforward. But, of course, the number of sample families per cluster and the number of sample brothers per family do vary, and this creates some complications.
To see the issue, imagine at first that we are required to estimate the brother covariance with data from only one family, family f in cluster c . Then the obvious Following Karlin, Cameron, and Williams (1981) , we can take a weighted average of all the family-specific estimators to get a single estimator of the brother covariance: brother pairs. This estimation approach, which gives 6 2 45 ≅ . as much weight to the family with four brothers as to the family with two, is the one we use throughout the present study. 11 Based on similar reasoning, we estimate the neighbor covariance by 
B. Region and Urbanicity Effects
Once we estimate the correlations between brothers and neighboring boys in their adult earnings, we will proceed to exploring the role of region and urbanicity effects in generating those correlations. The first step in that exploration will be to perform least squares estimation of
where D cfi is a vector of dummy variables representing the adult region and urbanicity categories previously described in Section 2, b is the associated vector of estimated coefficients, and e cfi is the residual. In addition to replicating Glaeser and Mare's (1994) evidence on the association between urbanicity and earnings, this regression will decompose earnings into a component associated with the region and urbanicity of where the individual lives and an orthogonal component unrelated to region and urbanicity. The orthogonality between the two components ′ b D cfi and e cfi means that the overall earnings variance can be expressed as the sum of the variances of ′ b D cfi and e cfi . And just as the variance of y cfi can be estimated by its sample mean square, the two variance components 11 We found that the magnitude of the estimates varied very little across alternative weighting schemes.
can be estimated by the sample mean squares of ′ b D cfi and e cfi . Equivalently, the proportion of the variance in y cif accounted for by adult residential location can be estimated by the R 2 from the regression in equation (4).
Once we have decomposed earnings variation into the parts related and unrelated to adult residential location, we will examine how each part is related to family and community origins. Using the same procedures described above for estimating the sibling and neighbor covariances in y cfi , we also will estimate the sibling and neighbor covariances in each component ′ b D cfi and e cfi . This will tell us how much of the similarity between siblings and former neighbors arises from the fact that they end up residing in similar types of locations and how much is related to other factors that are orthogonal to location.
Finally, just as we will use least squares to estimate the regression of y cfi on the adult location indicators D cfi in equation (4), we also will perform least squares estimation of the regressions of y cfi , ′ b D cfi , and e cfi on a vector of childhood location indicators.
The R 2 from these regressions will tell us how much of the variance in each component can be explained by childhood location. As will be seen in Section 4, the regression results along with the sibling and neighbor covariance estimates will reveal a great deal about "the importance of being urban" and its role in the observed sibling and neighbor correlations. In particular, we will find that most of the covariance between neighboring boys in their later earnings is accounted for by the urbanicity of where they grew up, which matters mainly because it predicts the urbanicity of where they live as adults.
C. Standard Error Estimation
The estimation of standard errors for all the estimators described above is complicated by the sequential nature of our estimation (starting with the preliminary regression of log earnings on age and age squared), the unbalanced structure of the sample, the nonindependence of the (sometimes overlapping) pairs of siblings and neighbors, and the weighting procedures. To finesse all of these issues at once, we resort to the nonparametric approach of balanced half-sample replications. This procedure, which is a cousin to the jackknife and bootstrap procedures, is explained in Wolter (1985) and has been applied previously in sibling and neighbor studies by Solon, Corcoran, Gordon, and Laren (1988) , Solon, Corcoran, Gordon, and Laren (1991) , and Solon, Page, and Duncan (1999). This approach -described in detail in the appendices of those studies -repeatedly applies the entire estimation procedure to a succession of strategically chosen half-samples. Each estimator's observed variance across the half-sample replications is then used to infer an estimate of the variance of that estimator as applied to the full sample.
Results
The first entry in Table 2 shows that the sample mean square of our "residualized" log earnings variable y cfi estimates the variance of y cfi at 0.247. The remainder of our analysis is directed toward studying the sources of this earnings variation. First, we use the brother correlation in y cfi as an omnibus measure of the proportion of earnings variation attributable to all the family and community background characteristics shared by brothers. Using the estimator shown in equation (2), we estimate the brother covariance in y cfi to be 0.078. Dividing this by the estimated variance 0.247 yields an estimated brother correlation of 0.32. The numerator of this ratio, however, is necessarily based only on families that contribute at least two brothers to the sample, while the denominator is based on all the sample families. Most previous studies of sibling correlations have treated the numerator and denominator conformably by also basing the variance estimate in the denominator only on families contributing at least two siblings. Doing so with our data slightly raises our variance estimate to 0.253 (with estimated standard error 0.028) and reduces our estimated brother correlation to 0.31 (with estimated standard error 0.09).
The previous literature on earnings correlations among American brothers, surveyed in Section 3 of Solon (forthcoming), contains a wide range of estimates, which is unsurprising in light of the small samples on which many of the estimates are based. 12 The central tendency of the estimates seems to be about 0.25. In most of these studies, though, the outcome variable is only a single-year measure of log earnings, and -as emphasized by Solon, Corcoran, Gordon, and Laren (1991) -this induces a downward errors-in-variables bias for estimating the brother correlation in longer-run earnings. It therefore was to be expected that our estimate based on a five-year average of log earnings would come out somewhat higher, and indeed it is fairly similar to most of the other estimates based on multi-year averages. Also using multi-year averages from the PSID, Altonji (1988) estimates brother correlations of 0.37 for the log of average hourly earnings and 0.44 for the log of a directly reported hourly wage rate. Using multi-year averages from the National Longitudinal Surveys of labor market experience, Altonji and Dunn (1991) estimate brother correlations of 0.32 for log earnings and 0.33 for log hourly wage, and Ashenfelter and Zimmerman (1997) estimate a 0.31 brother correlation in log hourly wage.
As far as we know, our study is the first to supplement our evidence on the brother correlation in earnings with parallel evidence for unrelated boys that grew up in the same neighborhood. As shown in the third row of Table 2 , the estimator in equation (3) generates an estimated neighbor covariance of 0.039. Dividing by the 0.247 variance estimate yields an estimated neighbor correlation of 0.16 (with estimated standard error 0.09). As it happens, this estimate is quite similar to the estimated neighbor correlations in educational attainment reported in Solon, Page, and Duncan (1999) . It is about half of our estimate of the brother correlation in earnings. The neighbor correlation reflects not only true neighborhood effects, but also the effects of growing up in somewhat similar families, so this comparison suggests that the majority of the brother correlation stems from growing up in the same family, not from growing up in the same neighborhood.
Nevertheless, our point estimate of the neighbor correlation is substantial, and it is worthwhile to investigate its sources. Recognizing that Griliches ' (1979) point that "the likelihood, even in adulthood, of closer location in space and hence exposure to similar regional price differentials and common business-cycle effects" may apply to neighboring boys as well as to brothers, we perform least squares estimation of equation (4) and small city (metropolitan areas with population less than a million). West and non-city are the omitted categories.
The results appear in the first column of coefficient estimates in Table 3 . Like many previous researchers, we estimate moderate region effects on earnings. More strikingly, we find huge effects of urbanicity. The coefficient estimates of 0.499 for large city and 0.257 for small city imply that workers in large cities earn 27 percent more than workers in small cities, who in turn earn 29 percent more than workers not in cities. 13 In a similar analysis of the log of average hourly earnings, Glaeser and Mare (1994) have estimated coefficients of about 0.3 for living in a city of at least a half million population and about 0.2 for living in an SMSA but not within a city of at least a half million.
The economics underlying these results is a very interesting topic, especially since
Glaeser and Mare's estimates diminish only slightly even after controlling for education, job tenure, and race. An equilibrium interpretation requires answers to two questions:
(1) why don't all the workers in the hinterland move to the cities to get higher wages, and (2) how can the urban employers pay higher wages and still stay in business? Glaeser and Mare summarize the likely answers, some of which are adapted from the extensive literature on wage differentials across cities. 14 Some factors, such as higher housing prices that stem from higher land prices, may deter the marginal worker from moving to the city.
Another factor is that the measured urban wage premium may not be fully available to the 13 That is, exp(0.499 -0.257) -1 = 0.27, and exp(0.257) -1 = 0.29.
14 See, for example, Roback (1982) , Johnson (1983) , and Rauch (1993) .
workers in the hinterland because they are not qualified for it. In at least some occupations, workers with greater talent or motivation may have a comparative advantage for urban employment. According to this story, it is no coincidence that the best basketball player worked in Chicago, or that the best dancers work in New York City.
Would-be basketball players in the hinterland don't move to Chicago to get Michael Jordan's salary because they wouldn't get it even if they did.
To the extent that the higher urban wages are paid to more productive workers, the ability of urban employers to stay in business is not so puzzling. But how can urban employers afford to pay a wage premium to compensate for urban disamenities, especially if the employers themselves have to pay the higher land prices as well? As Glaeser and
Mare note, these cost disadvantages must be offset by cost advantages such as lower transportation costs, learning externalities, and other economies of agglomeration.
In our view, the relationship between urbanicity and earnings deserves much more attention than it has received to date. For purposes of the present paper, however, our concern is the extent to which urbanicity and region effects contribute to the observed We now return to 
Note that the third term, the "cross-covariance" between one brother's ′ b D and the other brother's e , is generally non-zero. The least squares normal equations impose orthogonality between the same individual's ′ b D and e (which is why the last entry in the first row is identically zero), but no such orthogonality is imposed across brothers.
When we use the same brother covariance estimator we previously applied to the left side of equation (5) for each of the components on the right side, we find that 0.025 of the 0.078 brother covariance in earnings is connected to the brothers' adult location. While this leaves considerable scope for the location phenomenon Griliches postulated, a larger share of the brother covariance is attributed to the earnings component orthogonal to the adult location variables. Whatever it is about brothers' shared background that leads them to have correlated earnings goes well beyond a tendency to locate in the same region or the same city type.
The pattern in the third row is very different. When we perform the same exercise for decomposing the earnings covariance between boys that grew up in the same neighborhood, almost none of the neighbor covariance is attributed to the component orthogonal to the adult location variables, and a majority share is assigned to the neighbor covariance in ′ b D . "The importance of being urban" looms large in the neighbor covariance of earnings. An important part of the story is that boys that grow up in the same neighborhood tend to locate as adults in areas of similar urbanicity.
One possible reason is simply that kids that grow up in cities tend to end up in cities, and kids that grow up outside of cities remain outside of cities as adults. The crosstabulation in Table 4 To assess the role of childhood urbanicity and region in adult earnings variation, we now apply least squares to the regression of our log earnings variable on the childhood instead of the adult location variables. The results are shown in the last column of Table   3 . The estimated coefficients of the childhood urbanicity variables are essentially attenuated versions of the estimated coefficients of the corresponding adult variables, reflecting that childhood urbanicity predicts adult urbanicity strongly, but not perfectly.
The R 2 from the regression on the childhood location variables is 0.135. Again, the explanatory power comes more from the urbanicity variables than from the region variables. The regression on only the urbanicity variables generates an R 2 of 0.115; the regression on only the region variables produces an R 2 of only 0.058.
In the last row of Table 2, Comparison of the last two entries in the y column of Table 2 indicates that 0.033 out of the 0.039 neighbor covariance is spanned merely by the five explanatory variables indicating whether the individual's childhood neighborhood was in a large city, a small city, or no city and which region it was in. Is that what we usually have in mind when we talk about neighborhood effects? On one hand, if the real story is mainly that neighboring kids, who necessarily share childhood urbanicity, thereby tend to share adult urbanicity, and if the earnings premium associated with living in a city is merely compensation for a higher cost of living, the positive correlation between neighboring boys in their later nominal earnings does not even signify a positive correlation in their economic well-being.
On the other hand, the higher earnings received by urban workers probably is at least partly a real return to greater ability or effort. Insofar as growing up in a city somehow imparts greater ability or motivation that later translates into a match with a high-paying urban job, that might be construed as a sort of neighborhood influence on later earnings.
But notice how different that story is from the story usually told about neighborhood effects. The stereotypical account of neighborhood effects is about the advantages of growing up in a wealthy suburb instead of a poor inner-city neighborhood.
Our results indicate instead that most of the neighbor correlation is explained by whether or not one grew up in a city, not by which part of the city one grew up in.
Summary
Using the Panel Study of Income Dynamics, we have replicated the finding of earlier studies that the brother correlation in a multi-year measure of log earnings exceeds 0.3. The novel feature of our study is that we also have estimated the earnings correlation between unrelated men that grew up in the same neighborhood. Even though that correlation reflects the effects of somewhat similar family backgrounds as well as true neighborhood influences, our estimated neighbor correlation is about half the brother correlation. This suggests that the resemblance between brothers in their later earnings stems more from growing up in the same family than from growing up in the same neighborhood.
Further examination of the neighbor correlation has highlighted "the importance of being urban." Like Glaeser and Mare (1994) , we find huge earnings differentials among workers in large cities, small cities, and non-cities. The main reason that childhood neighborhood predicts future earnings is that the urbanicity of that neighborhood predicts the urbanicity of adult location. While this might be interpreted as a sort of neighborhood influence, it is quite different from what writers on neighborhood effects usually seem to have in mind. The portion of earnings inequality that is connected to where one grew up has more to do with whether one grew up in a city than with which part of the city one grew up in. 
